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Pulse arrival time as a surrogate
of blood pressure

Eoin Finnegan'*, Shaun Davidson?, Mirae Harford%?3, Jodo Jorge?, Peter Watkinson?3,
Duncan Young?, Lionel Tarassenko® & Mauricio Villarroel*

Various models have been proposed for the estimation of blood pressure (BP) from pulse transit time
(PTT). PTT is defined as the time delay of the pressure wave, produced by left ventricular contraction,
measured between a proximal and a distal site along the arterial tree. Most researchers, when

they measure the time difference between the peak of the R-wave in the electrocardiogram signal
(corresponding to left ventricular depolarisation) and a fiducial point in the photoplethysmogram
waveform (as measured by a pulse oximeter attached to the fingertip), describe this erroneously as
the PTT. In fact, this is the pulse arrival time (PAT), which includes not only PTT, but also the time
delay between the electrical depolarisation of the heart’s left ventricle and the opening of the aortic
valve, known as pre-ejection period (PEP). PEP has been suggested to present a significant limitation
to BP estimation using PAT. This work investigates the impact of PEP on PAT, leading to a discussion
on the best models for BP estimation using PAT or PTT. We conducted a clinical study involving 30
healthy volunteers (53.3% female, 30.9 + 9.35 years old, with a body mass index of 22.7 = 3.2 kg/m?).
Each session lasted on average 27.9 + 0.6 min and BP was varied by an infusion of phenylephrine (a
medication that causes venous and arterial vasoconstriction). We introduced new processing steps for
the analysis of PAT and PEP signals. Various population-based models (Poon, Gesche and Fung) and

a posteriori models (inverse linear, inverse squared and logarithm) for estimation of BP from PTT or
PAT were evaluated. Across the cohort, PEP was found to increase by 5.5 ms + 4.5 ms from its baseline
value. Variations in PTT were significantly larger in amplitude, - 16.8 ms + 7.5 ms. We suggest,
therefore, that for infusions of phenylephrine, the contribution of PEP on PAT can be neglected. All
population-based models produced large BP estimation errors, suggesting that they are insufficient
for modelling the complex pathways relating changes in PTT or PAT to changes in BP. Although PAT

is inversely correlated with systolic blood pressure (SBP), the gradient of this relationship varies
significantly from individual to individual, from - 2946 to - 470.64 mmHg/s in our dataset. For the

a posteriori inverse squared model, the root mean squared errors (RMSE) for systolic and diastolic
blood pressure (DBP) estimation from PAT were 5.49 mmHg and 3.82 mmHg, respectively. The RMSEs
for SBP and DBP estimation by PTT were 4.51 mmHg and 3.53 mmHg, respectively. These models
take into account individual calibration curves required for accurate blood pressure estimation. The
best performing population-based model (Poon) reported error values around double that of the a
posteriori inverse squared model, and so the use of population-based models is not justified.

Hypertension (high blood pressure) has been shown to be one of the highest risk factors for the majority of
cardiovascular diseases, including coronary heart disease, atrial fibrillation and stroke'. In addition, chronic
hypertension has been shown to be an important modifiable risk factor for neurodegenerative diseases such as
Alzheimer’s disease, Parkinson’s disease and dementia®*. In a cross-sectional study of 153,996 adults spanning
urban and rural areas across 17 countries, Chow et al.* found that despite the high risks of cardiovascular dis-
ease, hypertension had a diagnosis rate of only 46%. Additionally, only a third of the individuals diagnosed with
hypertension were able to keep their blood pressure (BP) levels under control.

Monitoring changes of BP in an ambulatory setting has been shown to be a stronger indicator of hypertension
compared to spot measurements recorded in the clinic’. Ambulatory blood pressure monitoring (ABPM) is often
performed over periods between 24 and 48 h, with BP readings taken using oscillometry, BP being measured
every 30 min during the day and every hour at night by increasing and gradually releasing the pressure of an
inflatable cuff applied to the arm®. These measurements are often noisy, uncomfortable and can disrupt sleep.
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In a study by Viera et al.” across 60 adults, cuff inflation caused sleep arousal in over 70% of volunteers, and
approximately a third of all volunteers reported bruising from the cuff. In addition, Wax et al.® studied the dif-
ferences between BP values measured by the cuff and an arterial line, used as a gold standard. While the mean
error between the two devices was low (1 mmHg), the standard deviation of the errors was as high as 16 mmHg.
To facilitate the assessment of hypertension in an ambulatory setting, new methods and devices are required for
the non-invasive estimation of BP that that ideally would avoid the need for a cuft.

Recent advances in non-invasive estimation of BP have been focussed on the pulse transit time (PTT), defined
as the time it takes for the pressure wave produced by left ventricular contraction to travel from one arterial site
to another. PTT is typically computed as the time delay between two waveforms at a proximal and a distal loca-
tion along the arterial tree’. Changes in PTT, or its counterpart pulse wave velocity (PWV), are shown via the
Moens-Korteweg equation' to be non-linearly dependent on arterial stiffness. As Gavish et al.!! show, arterial
stiffness is not constant but rather a function of (among other things) BP, age and level of autonomic nervous
system (ANS) activity. In a purely mechanical sense, as arteries stretch, more collagen fibres are recruited, leading
to a non-linear (often thought to be exponential'?) relationship between BP and arterial stiffness. Additionally,
as an individual ages, elastin is replaced by collagen leading to arteriosclerosis, the thickening and hardening of
the arterial walls. Together with these mechanical effects, arterial stiffness is also actively modulated by smooth
muscle (which is found more prominently in peripheral arteries®), however, typically this component is assumed
to be negligible’.

Many papers in the literature describe methods for BP estimation using PTT. Several studies induce changes
in BP by artificial means to obtain a range of reference BP values to develop and validate their proposed meth-
ods. The most common method found in the literature is to vary the reference BP values using some form of
exercise”!?. However, exercise causes motion artefacts and the physiological response to exercise will vary sig-
nificantly from person to person. Other common methods for varying reference BP values are posture changes
and mental stress, which reduce the occurence of motion artefacts. However, the changes in BP induced by these
techniques are much lower than for exercise-induced changes’. There have been a few studies that have changed
BP by medication infusion'*?*. This has the advantage of achieving a wide range of BP values with minimal
motion artefacts. As the relationship between changes in BP and changes in the velocity of the pressure wave
depends on many parameters unique to an individual (such as arterial compliance, average cross-sectional area
of the arteries and the distance between the two arterial sites), models require calibration to approximate this
unique relationship. Various models have been proposed in the literature, with calibration typically requiring
the approximation of two parameters: a slope and an intercept. This can be achieved by least squares approxima-
tion with two or more pairs of BP and PTT readings. To allow for real time estimation of BP, Poon et al.'é, Chen
etal.”” and Gesche et al."® have proposed quick calibration by a single reference BP value (often recorded using
a cuff) with the remaining parameters approximated based on population averages and physiological constants.
However, the full utility of these models to encapsulate the unique and complex relationship between PTT and
BP, remains unclear. A summary of BP estimation methods can be found in Refs.*!>%°.

Most researchers, when they measure the time difference between the peak of the R-wave in the electrocardio-
gram (ECG) signal (corresponding to left ventricular depolarisation) and a fiducial point in the photoplethysmo-
gram (PPG) waveform (as measured by a pulse oximeter fingertip), describe this erroneously as the PTT. That is
in fact the pulse arrival time (PAT), which includes not only the PTT, but also the time delay between electrical
depolarisation of the heart’s left ventricle and ejection of blood through the aorta?’, known as the pre-ejection
period (PEP); i.e. PTT = PAT — PEP. PEP can vary depending on contractility, sympathetic nervous system
activity, preload and afterload?'. Exercise, medication and posture changes have all been shown to contribute
significantly to changes in PEP**!"2%, Only a handful of publications have systematically studied the effect that
PEP has on PAT estimates. Payne et al.'* studied changes in PAT and PEP across 12 healthy volunteers under
an infusion of various medications including: Glyceryl trinitrate (GTN), Angiotensin, Norepinephrine and
Salbutamol. Full details of PAT or PEP computation were not provided. However, the authors concluded that
changes in PEP contributed a significant factor (12-35%) to the estimation of changes in PAT. Zhang et al.?!
conducted a similar study in 6 anaesthetised dogs through the use of various medications. Estimates of systolic
blood pressure (SBP) using PTT had a root mean squared error (RMSE) value of 5.3 mmHg, whereas estimates
of SBP using PAT had a mean RMSE of 9.8 mmHg. However, it is unclear the extent to which this effect would
translate to human subjects. By contrast, Wong et al.?? suggested that PAT can allow for more accurate tracking
of BP, especially during periods where PEP is shown to be proportional to changes in BP such as post exercise.
However, due to the opposing forces of preload and afterload, PEP is not always correlated with BP.

Despite the unknown contribution of PEP, PAT offers a good alternative for non-invasive monitoring of
BP. ECG and PPG are readily available in the hospital, thus allowing for the development of BP estimation
algorithms using PAT on large open source publicly available hospital databases®*-?%. Zheng et al.?’ developed a
wearable armband, capable of recording simultaneous ECG and PPG waveforms for PAT estimation. The device
was tested on 10 healthy volunteers for 24 h each with BP recordings taken every 30 min. An RMSE value of BP
estimation of 6.2 mmHg was reported. These two main factors have resulted in the large majority of research on
non-invasive BP monitoring focussing on PAT. Other proximal waveforms have been proposed as alternatives
to the ECG, such as the ballistocardiogram (BCG)*°~*? and the impedance cardiogram (ICG)**. While these
waveforms remove the impact of PEP, they often require specialist equipment and use signals that are more
vulnerable to noise than the ECG™.

The pathways relating changes in BP to changes in PAT are complex. This work investigates the relationship
between PAT, PEP and PTT to BP in a clinical study involving 30 healthy volunteers. Changes in BP were induced
by an infusion of phenylephrine, a medication that stimulates alpha-1 receptors in blood vessels to cause them
to constrict (vasoconstriction)®*. BP values were measured using a cuff inflating every minute. We propose new
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Descriptor Value

Total number of volunteers 27

Average length of a session (min)* 27.9 (£ 0.6)
Age (years)® 30.2 (£ 8.2)
Gender (females)® 14 (51.9%)
Height (cm)® 170.6 (£ 9.8)
Weight (kg)* 66.8 (£ 12.4)
Body mass index (kg/m?2)* 22.8 (£3.3)

Table 1. Demographics of the population in the clinical study. *Mean (+ standard deviation). N (% of total
population).
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Figure 1. Distribution of physiological values recorded across the entire study in our dataset for all the
volunteers: (a) heart rate from the Philips monitor, (b) heart rate from the Stowood device, (c) heart rate from
the CardioScreen device, (d) respiratory rate estimated from the nasal cannula, (e) SBP from the Philips BP cuff,
(f) MAP from the Philips BP cuff and (g) DBP from the Philips BP cuff, (h) SpO, from the Philips monitor.

processing steps for the PAT, PEP and PTT time series and discuss the impact of PEP on PAT. Additionally, we
compare various models relating PAT and PTT to BP and highlight the most accurate model.

Results

30 volunteers were recruited for our clinical study. The data from three volunteers was discarded from the analysis
because the reference ECG waveform did not include any periods of high-quality data as a result of errors in the
connection of the ECG electrodes. The demographics of the 27 participants in the study whose data was used
for analysis are shown in Table 1. All volunteers were healthy, with a mean body mass index (BMI) of 22.9 kg/
m? and no history of cardiovascular disease. On average, each session lasted 28.4 min. The average age of the
volunteers was 29.7 years and there was an even gender split (51.9% female).

The distributions of the vital-signs recorded across the entire study for all 27 volunteers are shown in Fig. 1.
Figure 2 illustrates the typical response to the phenylephrine dose for a 28-year-old female with a BMI of 21.0.
Each session began with a 5-min resting period during which the volunteer’s vital signs were stable. Phenyle-
phrine was infused at a rate predetermined by the volunteer’s weight with peak infusion occurring 14 min into
the study. The maximum dose was maintained for a further 6 min. The session ended with an 8-min washout
period. Peripheral oxygen saturation (SpO,) and respiratory rate (RR) were typically stable throughout the study.
Figure 2e shows the systolic blood pressure (SBP), mean arterial blood pressure (MAP) and diastolic blood pres-
sure (DBP) values recorded using the cuff together with the BP signal computed by cubic splines (see Methods).

Supplementary material A provides an analysis of the frequency spectrum of PAT for this study. This high-
lighted three frequency bands of interest: a component less 0.083 Hz (the Nyquist limit of the BP cuff) represent-
ing the slow changes in BP induced by the phenylephrine infusion; a component of unknown origin between
0.083 and 0.1 Hz, which may be due to oscillations in BP caused by Mayer waves; and a respiratory component
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Figure 2. Physiological response for a 28 y/o female with BMI of 21.0. (a) Dose of phenylephrine. (b) Heart
rate from the Cardioscreen, Philips and Stowood reference devices. (¢) SpO; from the Stowood device, (d)
respiratory rate from the nasal cannula, (e) BP from the cuff (dotted lines) and processed by our proposed
algorithms (solid line), (f1) beat-by-beat PAT and filtered PAT with respiratory component removed, (f2) beat-
by-beat PAT and processed PAT to compare to cuff values, (g) beat-by-beat PEP time series and processed PEP,
and (h) PTT time series.

between 0.17 and 0.35 Hz. Figure 2f1 shows beat-by-beat PAT and PAT low-pass filtered (0.15 Hz cut-off fre-
quency) to remove the respiratory component and highlight the oscillations likely caused by the Mayer waves.
Figure 2f2 shows the PAT signal after low-pass filtering to remove the Mayer wave component and compare to
the BP cuff. Figure 2g shows the beat-by-beat PEP signal which has been processed to remove the small noise
variation. The processed PAT and PEP estimates, for the volunteer shown in Fig. 2, show a decrease and increase
respectively, in line with the changes in BP. (h) shows the PTT time series which is computed as the difference
between the processed PAT and PEP time series.

Individual correlation of PAT, PTT and PEP to BP.  Figures 3, 4 and 5 shows the relationship between
SBP and PAT, PEP and PTT respectively for all the volunteers in the study. The 95% confidence intervals are
shown by the shaded region for each volunteer with the individual linear regression line. Similar figures for
MAP and DBP can be found in Supplementary material B. Table 2 shows the median and interquartile range
(IQR) correlation coefficients for PAT, PTT and PEP to SBP, MAP and DBP for all the volunteers in the study.
Both PAT and PTT had strong negative correlations (r < — 0.8) with BP. PTT had marginally larger correlation
coefficients and tighter interquartile range (IQR) than PAT. PEP showed a moderately strong positive correlation
(r > 0.62) with BP and had a large IQR.
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Figure 3. Individual relationships between SBP (mmHg) and PAT (s) for all volunteers in the study. The 95%
confidence intervals are shown by the shaded region for each volunteer. Please note the large variations in the
range of BP values for the y-axis (80 mmHg for subject 024, and 10 mmHg for subject 008).

Impact of PEP.  Figure 6 shows the average deviations (§) in SBE, DBP, MAP, PAT, PTT and PEP from their
baseline values for all volunteers in the study. The baseline values were computed as the median value during
the 5-min resting period at the start of the study. The error bars show the 95% confidence intervals. On average
SBP, MAP and DBP increased by 21.1 mmHg (+ 13.74 mmHg), 17.2 mmHg (£ 8.28 mmHg) and 13.8 mmHg
(£ 7.03 mmHg) respectively from their baseline values. PAT and PTT decreased by 11.96 ms (4 6.57 ms) and
16.84 ms (& 7.50 ms) respectively. PEP increased by 5.46 ms (+ 4.51 ms). Figure 6d shows the change in PEP as
a proportion of PAT across the study, with a mean value of 30.2% at the start of the session, rising to 33.97% at
the time of peak infusion.

Models for estimating BP from PAT or PTT.  Table 3 shows the RMSE, Mean Absolute Error (MAE) and
Mean Absolute Deviation (MAD) values between the estimated BP and the reference BP when computed using
the 6 models reviewed. As Poon et al.'® did not define a model for MAP, only SBP and DBP were computed for
all models. All a posteriori models significantly outperformed the population-based models. Generally, DBP had
a lower estimation error in comparison to SBP. For all models, apart from Gesche and Fung, PTT was a better
predictor of BP than PAT. The best performing model was the inverse squared model.

Figure 7 shows, in more detail, the agreement between the reference BP values from the sphygmomanometer
cuff and the estimated BP using PAT and the inverse squared model across all volunteers in the dataset. The left
panel shows the results for SBP, the right panel shows the results for DBP. Figure 7a and e present the Bland-Alt-
man analysis, which shows that there was no underlying bias between the two measurements, although SBP
had wider confidence intervals than DBP. The Bland-Altman analysis also highlighted that large values of SBP
tend to have larger estimation errors. Figure 7b and f show the histogram of differences between the reference
and estimated BP values. Figure 7c and g show the histogram of mean values which are within the physiological
range expected. Figure 7d and h show the correlation coeflicients, for SBP the correlation coefficient was 0.93,
whereas for DBP it was 0.92.

Discussion

This work describes the methods for the non-invasive estimation of BP in a healthy volunteer study in which BP
changes were induced by the infusion of phenylephrine. Phenylephrine is an alpha-1 adrenergic receptor ago-
nist which causes venous and arterial vasoconstriction, increasing cardiac preload (initial stretching of cardiac

Scientific Reports |

(2021) 11:22767 |

https://doi.org/10.1038/s41598-021-01358-4 nature portfolio



www.nature.com/scientificreports/

001
130 120
125 110
120 100
0.075
008 009 010 o1l o12
140 % x 160 140 o « % 140
X X X
x % 120 x < L X X, 135 % >
X X, X
X >><< 11 be X 140 X >>§>< 130 X =
120 ¥ % S ” Tog X 1301 x x. 120
—~ 110 S S X X x
[=Ys} X X XX X x 120 P X XXX
T 100 - 100 125 100
g 0.084 0.086 0.075 0.08 0.081 o0.082 o0.07 0.08 0.08 0.085 0.07 0.075
& 016 018 o1
~ 110 150 X % 140 ?
~ x XXy 130
2=} X
17 100 140 | x 130 | x x
X X 120
90 130 % 120 {'x X
SR x*
X
80 120 110 110
0.07 0.075 0.075 0.085 0.08 0.085 0.082 0.084 0.06 0.07
024 026
% 140 140
140 X XX 120
140 XK 30 X Iy
X X
130 120} x e N e
<
100 & 120 XX@X
120 100 8o
0.06 0.08 0.08 0.085 0.07 o0.08 0.0780.08 0.075 0.08
PEP (s)

Figure 4. Individual relationships between SBP (mmHg) and PEP (s) for all volunteers in the study. The 95%
confidence intervals are shown by the shaded region for each volunteer. Please note again the wide variation in
y-axis scaling.

muscles) and afterload (pressure against which the heart has to work to pump blood around the body)*. The
dosing regimen was guided by the pharmacist in the Medical Sciences Division Ethics Committee (University of
Oxford) who balanced the desired clinical effect against safety concerns surrounding bradycardia and a poten-
tially rapid increase in blood pressure. Among our participants, we observed heart rate of around 40 beats per
minute at peak infusion using this regimen. These decisions are outlined in the study protocol*®. Our aim was
to induce vasoconstriction using weight-based dosing protocol, rather than be BP-target driven. On average, we
achieved an increase of approximately 20 mmHg in systolic blood pressure, with maximum increase of 40 mmHg
in a subset of participants. One of the key advantages of this study was that, in a relatively short period of time,
and without causing large movement, the volunteers experienced a wide range of BP values (see Fig. 6). This
helped to validate algorithms for non-invasive estimation of BP.

Relationship between BP and PAT or PTT in our dataset. Figure 2 shows the typical vital-sign
response to the phenylephrine infusion for a 28-year-old female. As the dose increased, heart rate (HR), PAT
and PTT decreased, whereas BP and PEP typically increased. SpO, and RR had no significant correlations to the
dose of phenylephrine. In this work, the data from the BP cuff was processed using a cubic smoothing spline.
To the authors’ knowledge, the only method for processing the BP cuff time series that has been used in the lit-
erature is a simple low-pass filter”. However, this assumes an evenly-sampled time series and requires a defined
frequency range of interest.

PAT is inversely correlated with BP and the majority of volunteers had their own unique and strong relation-
ship between changes in PAT and BP (see Fig. 3). As shown in Table 2, the absolute correlation between PAT
and BP was high, with the correlation coeflicients consistently higher than the values reported in the literature
(see Mukkamala et al.®). This suggests that the complex pathways that link changes in BP to changes in PAT are
likely to be associated with the pathways affected by phenylephrine. The correlation coefficients between PAT
and BP were relatively consistent for SBP, MAP and DBP whereas in the literature, PAT is shown to have a much
stronger relationship with either DBP?"* or SBP***!. All individuals had their own unique gradient defining the
relationship between BP and PAT. The gradients varied from — 2946 to — 470.64 mmHg/s in our dataset. The
gradient of the PAT to BP relationship is thought to reflect arterial properties such as compliance and resistance’.
Shallow gradients are thought to be associated with young, healthy individuals. Conversely, steeper gradients are
thought to be associated with more elderly individuals*
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Figure 5. Individual relationships between SBP (mmHg) and PTT (s) for all volunteers in the study. The 95%
confidence intervals are shown by the shaded region for each volunteer. Please note again the wide variation in

y-axis scaling.

PAT PTT PEP
SBP -0.89 (0.10) -0.92 (0.09) 0.42 (0.53)
MAP - 0.86 (0.16) -0.91(0.12) 0.51 (0.56)
DBP —0.84 (0.30) —-0.85(0.21) 0.61 (0.64)

Table 2. Correlation coefficients for PAT, PTT and PEP to SBP, MAP and DBP for all the volunteers in the
study. Values are given as median (IQR).

There are several caveats to interpreting the relationship between BP and PAT. At points along the arterial

tree where there are significant changes in impedance (such as at points of arterial branching), the difference
in impedance to flow results in back propagation of part of the pressure wave. Thus, at any point in the arterial
tree, the pressure wave can be considered a summation of forwards and backwards travelling waves. As a result,
the proximal and distal waveforms used to compute PAT do not differ by simply a time delay but also by shape
and amplitude’. This is a significant source of errors in PAT estimation*’. To tackle this problem, fiducial points
close to the onset of the PPG are typically used as they are thought to be the least impacted by reflected waves*.
In this work, the intersecting tangents method was used to define the fiducial point of the PPG’.

Due to the impact of phenylephrine, smooth muscle activation was the dominant component regulating
changes in the arterial stiffness. As the distal measurement site was located in the peripheral arteries, this effect
cannot be considered negligible. This might explain why such large variations in gradients were found in this
study, due to individual responses to the medication. The precise clinical effect of the weight-based dosing of phe-
nylephrine (see “Methods” section) in an individual would depend on the balance between their sensitivity to the
increase in afterload, the effect of bradycardia on cardiac filling (therefore contractility, the Frank-Starling law*®),
and the proportion of venous/arterial action of phenylephrine causing the increase in preload and afterload.

Additionally, we hypothesise that, in some volunteers, the dominant smooth muscle component may have
given rise to a hysteresis effect, where the response is different between the period of dose escalation to the period
of washout. This effect has been highlighted previously during an exercise test*, where the level of hysteresis was
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Figure 6. Average deviations from baseline for all participants in the study for (a) SBP, (b) MAP, (c) DBP, (d)
PAT, (e) PTT and (f) PEP. (g) variations in PEP as a percentage of PAT from the start to the end of the study. The
error bars show the 95% confidence intervals.

A posteriori models Population-based model
Model RMSE | MAE | MAD | Model RMSE | MAE | MAD
) SBP | 5.50 3.63 |4.14 SBP | 11.04 |7.10 |8.46
BP =515 +b Poon!®
DBP | 4.49 342 |292 DBP |8.37 612 |571
SBP |5.48 3.61 | 412 SBP |43.76 |21.63 |38.06
PAT |BP=-2;+b Gesche'®
PAT DBP |4.49 342 (292 DBP |46.70 |22.93 |40.71
SBP | 5.53 3.66 | 4.15 : SBP | 8.51 570 |6.33
BP = axIn(PAT) + b Fung®’
DBP | 4.50 342 292 DBP | 8.02 590 |543
SBP | 3.98 282 |281 SBP | 8.49 540 | 6.56
BP =5tz +b Poon'®
DBP | 4.02 312|254 DBP |7.72 564 | 526
SBP |3.91 278 |2.76 SBP | 4542 1773 | 4185
PTT |BP=-2-+Db Gesche!®
PTT DBP | 4.01 3.12 [2.53 DBP | 4546 1776 | 4188
SBP | 4.05 286 |2.87 SBP [30.69 |20.77 |22.61
BP = axIn(PTT) + b Fung®’
DBP | 4.03 312|255 DBP |33.80 |22.45 |25.29

Table 3. Evaluation of different models for estimating BP from PAT or PTT. All values are given in units of
mmHg. Best performing models for PAT and PTT are highlighted in bold.

proportional to higher levels of ANS activity and smooth muscle tone. As a result, there are different baroreflex
responses when blood pressure is rising or falling. We quantified the effect of hysteresis as differences in the PAT
or PTT calibration gradients during the periods of dose increase and washout. Due to the small sample size, the
significance of the hysteresis effect was examined using a Wilcoxon rank sum test on the magnitudes of the dose
increase and washout gradients. Despite being clearly evident in a number of individuals, there was no statistically
significant difference in gradient values found across the whole cohort or in gender and age subgroups. Equally,
there was no evidence of differences in hysteresis effects present between PAT and PTT, suggesting that PEP does
not play a significant contributing factor to PAT hysteresis. It should be noted, however, that the presented study
was a healthy volunteer study and an examination of hysteresis was not a primary objective. Therefore, more work
should be performed to examine this effect. For example, the hysteresis effect during multiple perturbations of
BP should be examined over a longer duration.
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Figure 7. Agreement between the reference BP values from the sphygmomanometer cuff and the estimated BP
values using PAT estimates and the inverse squared model. The left panel shows the results for SBP estimation,
the right panel shows the results for DBP estimation. (a,e) The Bland-Altman plots shows no underlying bias.
(b,f) The differences between the reference and estimated BP values. (c,g) The distribution of the mean values
show that the BP values are within the expected physiological range. (d,h) The correlation is high, with an r of
0.93 for SBP and 0.92 for DBP.

Impact of PEP. It has also been suggested that changes in PAT can often be significantly driven by changes
in PEP', making PAT an unreliable surrogate measure of blood pressure. As Wong et al.? found, high correla-
tions between PAT and BP do not necessarily suggest lack of influence of PEP, as this relationship could be driven
primarily through changes in PEP. We found that PEP had a moderately strong, positive correlation (r > 0.62)
with SBP, MAP and DBP. Phenylephrine is known to increase both preload and afterload (by vasoconstriction)
which have opposing effects on PEP magnitudes. The positive correlation found in our dataset suggests that the
afterload effect played a more dominant role. However, the large interquartile range (IQR > 0.6) indicates that
the relationship between BP and PEP was multifactorial. The gradients of SBP-PEP relationship varied from
— 22,320 to 63,162 mmHg/s in our dataset. PTT had a marginal increase in median correlation coefficient and
a marginal decrease in IQR compared to PAT (as shown in Table 2), suggesting that PEP was not a significant
contribution to PAT in our dataset.

The maximum deviation from baseline of PEP in our study had a mean value of 5.5 ms with a standard
deviation of 4.5 ms (see Fig. 6f). This is comparable to the range seen in Payne et al.'* of 7.6 (10.1) ms in volun-
teers under norepinephrine, which acts in a similar manner to phenylephrine. Payne et al.', concluded that the
changes in PEP were too significant to allow for BP estimation using PAT. In our study, while we experienced
relatively similar magnitude of changes in PEP, both PAT and PTT had a very strong correlation with BP. This
was because the changes in PTT, mean — 16.8 (£ 6.1) ms, were considerably larger than the changes in PEP. Fur-
thermore, Payne et al.' claimed that PEP could could vary between 12 and 35% of PAT. In our study, we found
that PEP contributed between 28.8 and 35.2% of PAT (see Fig. 6g), a much lower range of values. Therefore, while
the changes in PEP cannot be neglected, its relative contribution to PAT was nearly constant and so changes in
PTT accounted for most of the changes in PAT during the 30 min of the study.

However, it is important to note that there are reported experiments, such as changes in posture?* or exercise?’,
where PEP is a non-negligible component of PAT. These effects suggest that a simple constant coeflicient fit on
PAT/PTT, may not be the best approach. Using this dataset, we found promising results suggesting that adding
terms for PEP as well as the interaction between PEP and PAT/PTT may help to normalise the model coefficients
leading to a more generalised model. However, as this was deemed outside the scope of this paper it should be
considered further in future work.

Models for estimating BP from PAT or PTT. We implemented both a posteriori models and population-
based models to estimate BP from PAT and PTT (see Table 3). A posteriori models assume a unique relationship
between BP and PAT/PTT. The model parameters (slope and intercept) are estimated by least squares using all
data points available for that individual (see Supplementary material C for an assessment on the number of data
points required for accurate BP estimation using a posteriori models). All a posteriori models reported compa-
rable RMSE, MAE and MAD values for SBP and DBP estimation via PAT or PTT. The inverse squared model
reported slightly lower RMSE, MAE and MAD values, although the difference is small.

Population-based models approximate model parameters using averaged physiological constants (such as the
density of blood), global averages and calibration. Three different population-based models were tested: Poon's,
Gesche'® and Fung?’, three of the most highly cited population-based models for BP estimation using PAT or
PTT. In each case, the models were validated using PAT estimates rather than PTT estimates.

The Gesche model had the worst performance for both PAT and PTT. This model used population-based
averages derived using PAT on a study with 13 volunteers. In our dataset, the model errors using PAT were too
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large (RMSE > 40 mmHg) for accurate BP estimation. In addition, its performance was significantly worsened
when implemented using PTT estimates. The Fung model, which is derived from a model of laminar blood
flow through a rigid pipe, performed well on PAT estimates. The model approximated the gradient of an inverse
squared model based on the subject’s height. However, the results on BP estimation using PTT were significantly
worse, with RMSE values greater than 30 mmHg.

Overall the Poon model performed the best of the population-based models. The Poon model is derived
from a combination of the Moens-Korteweg equation'® and a model relating the elastic modulus of a vessel to
the mean pressure of the fluid inside it'?. Even though the model was initially validated on PAT estimates, its
accuracy was improved when PTT estimates were used as the input instead. This is to be expected as PEP is not
included in the modelling by Poon. However, even in this best case, the error values for the Poon model were still
approximately twice the error values from the inverse square a posteriori model. The Poon model approximates
a physiological parameter, y, for all individuals. y relates the distending pressure in an artery to the elasticity of
the arterial wall. This relationship varies from person to person and can change as individuals age. Shao et al.*®
highlighted that the Poon model errors are particularly sensitive to variations in y.

The relationship between changes in PAT or PTT and changes in BP is unique to each individual, and so popu-
lation averages are not sufficient to describe the complex underlying relationship on an individual level. All three
models do not account for the effect of smooth muscle contraction which in our intervention was the dominant
factor affecting changes in elasticity. This may go some way to explain why these models performed so poorly
in our dataset. We would therefore suggest that individualised profiles are needed for accurate tracking of BP.

Clinical implications. 'The findings presented in this paper have important clinical implications for ambula-
tory non-invasive monitoring of BP. Firstly, we present an experiment where the changes in PAT are dominated
by changes in PTT as opposed to the PEP component, making PAT an accurate surrogate of BP. For effective
ambulatory non-invasive monitoring of BP, the relationship between PEP and PTT needs to be further explored
and documented so that modes of failure can be highlighted and addressed. Secondly, a posteriori models natu-
rally outperform population-based models for BP estimation, but they are not without their limitations. In this
study, estimation of the calibration curve required monitoring during a drug-induced increase in vascular tone.
This set-up would not be viable to be developed for non-invasive blood pressure monitoring for the general
population. Additionally, the calibration curve will likely depend on basal cardiovascular factors which cannot
be assumed constant in ambulatory monitoring such as intravascular fluid volume, cardiac contractility, and
caffeine intake. More work should investigate the long-term stability of the calibration parameters and their
relationship to these basal factors*>%.

Limitations. There are several limitations to the methodology used in this study that should be noted. PEP
was estimated using the Lozano method*. This method avoids detecting the B-point (point of aortic valve open-
ing) by detecting the C-point (maximum of ICG pulse) of the ICG and a derived relationship between the ECG
R-peak and the ICG B and C points. However, van Lien et al.>! reported considerable errors between PEP estima-
tion using the Lozano method and hand annotated PEP values, especially for extreme values. Other techniques
for detecting the B-point exist®>*, however, in our study, the Lozano method produced considerably less noisy
estimates than these techniques.

The ICG signal was sampled at 200 Hz, resulting in a time resolution of 5ms for the detection of the C-point.
This could potentially lead to errors in the estimation of PEP. Supplementary material F provides a comparison
of PEP estimates from the original 200 Hz signal against PEP estimates from an upsampled ICG waveform at
1 kHz using cubic splines. Although we found that this limitation did not significantly impact the results and
conclusions of this paper, further studies should aim to record the ICG waveform at a high sampling rate, such
as 1 kHz, especially to estimate a wide range of PEP values.

Measurements of BP using a sphygmomanometer cuff are susceptible to various forms of noise that can distort
the readings. The oscillometric device used as a BP reference in this study was compliant with the IEC 60601-2-
30/EN60601-2-30 and with the American National Standard for Electronic or Automated Sphygmomanometers
(ANSI/AAMI SP 10/92)>* with a maximum mean error of + 5 mmHg (+ 0.7 kPa) and a maximum standard
deviation of 8 mmHg (1.1 kPa). As these tolerances are of similar magnitude to the errors seen in this work, we
suggest that some of the errors in our BP estimates are not only due to problems in the PAT or PTT time series,
but also due to errors in the reference BP values.

Finally, our results were reported across a small number of homogenous healthy volunteers. Volunteers
were screened to ensure that they did not have a history of cardiovascular disease or hypertension. Meaningful
estimation of BP must be evaluated on large heterogenous datasets involving both free-living individuals and
those diagnosed with cardiovascular disease.

Conclusion. To conclude, PAT can be considered an approximation of PTT if the contribution of PEP is
neglected. Previous studies'* have suggested that the contribution of PEP provides a significant limitation to
BP estimation using PAT. We have shown that under an infusion of phenylephrine, changes in PTT were sig-
nificantly larger than changes in PEP and so the use of PAT instead of PT'T is justifiable. Blood pressure estima-
tion using PAT is best used in settings for which changes in PTT are significantly larger than changes in PEP.
One such area could be sleep, where typically a decrease in night-time BP is experienced®. Forouzanfar et al.>®
reported similar changes in PEP during a sleep study compared to those we found in our study.

Finally, we have confirmed that population-based models do not adequately reflect the unique and individu-
alised relationship between changes in BP and changes in PAT, and so the use of these models to estimate BP in
a given individual is not justified.
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Figure 8. Equipment set up in our clinical study. The Philips patient monitor is circled in red, the Stowood
device is circled in green and the CardioScreen device is circled in blue. Consent was obtained from the
participant to use the image for publication.

Methods

Clinical study. 30 healthy volunteers, with no history of cardiovascular disease, were recruited for the clini-
cal study. The study protocol has been outlined previously®. The study took place at the Cardiovascular Clini-
cal Research Facility within the John Radcliffe Hospital, Oxford, UK. This study was reviewed and approved
by the Oxford University Research and Ethics Committee and Clinical Trials and Research Governance teams
(R63796/RE001). All methods were performed in accordance with the relevant guidelines and regulations. Indi-
vidual informed written patient consent was obtained from all the participants in the study to record the data
and publish the results, including anonymised images.

Each session began with a 5-min resting period. Volunteers were then administered an infusion of phenyle-
phrine, a vasoactive medication. Phenylephrine causes venous and arterial vasoconstriction and increases cardiac
preload®. Phenylephrine was administered as an intravenous solution, starting at a rate of 0.2 mcg/kg/min with
an increase of 0.2 mcg/kg/min every 1-min for 10 increments. Once the maximum rate was reached, the infusion
and all monitoring remained constant for a further 6 min. Each session ended with an 8-min washout period.
Volunteers were asked to refrain from ingesting caffeinated drinks an hour prior to the study visit as caffeine is
a vasoconstrictor. Volunteers were positioned on their back with the head and trunk raised to between 15° and
45° (semi-Fowler’s position), see Fig. 8.

Instrumentation. Figure 8 shows the typical data collection set-up used in the study. Data was recorded from
three sources: a Philips Intellivue MX800 patient monitor (Philips, Netherlands), circled in red; a Stowood Visi
Black series polygraphy device (Stowood, UK), circled in green; and a CardioScreen 1000 non-invasive haemo-
dynamic measurement and monitoring device (Medis, Germany), circled in blue. The three monitors were time-
synced at the beginning of each session and the relevant software was operated from the same computer.

Reference vital signs (BP, heart rate) were recorded using the Philips patient monitor. A Philips comfort
care M3001A BP cuff was wrapped around the upper left arm of the volunteer with the centre directly above
the brachial artery as recommended®. The Philips patient monitor was installed with a Philips IntelliVue MMS
measurement module. The ixTrend software (Ixellence GmbH, Germany) was used to record the data streams
generated by the patient monitor.

The Stowood visi black series device is a portable device designed to record physiological signals for overnight
studies. In our study, we used the Stowood device to record physiological signals (ECG, PPG and airflow) and
reference vital signs (heart rate and SpO,). The pulse oximeter (Masimo, USA) probe was placed on the middle
finger of the volunteer’s right hand.

The CardioScreen device recorded the trans-thoracic bioimpedance signal (Z), ECG and HR. Four pairs of
electrodes were placed on the patient’s neck and thorax. The outer electrodes injected an alternating current
of 1.5 mA at a 86 kHz frequency. The inner electrodes measured the impedance changes occurring with each
heartbeat. Table 4 gives a summary of the physiological parameters recorded by the Philips, Stowood and Car-
dioScreen monitors.
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Device Name Description Sampling rate (Hz)
Philips SBP, MAP, DBP | Blood pressure signal from the sphygmomanometer cuff &
HR Heart rate 1
ECG 1-Lead electrocardiography signal 256
PPG Photoplethysmography signal 512
Stowood Airflow Airflow from nasal cannula signal 32
HR Heart rate derived from Masimo pulse oximeter 5
SpO, Oxygen saturation provided by Masimo pulse oximeter | 5
ECG 1-Lead electrocardiography signal 200
CardioScreen | Z Thoracic impedance signal 200
HR Heart rate derived from the EGG signal 1

Table 4. Physiological parameters and sampling rates recorded by the 3 devices used in this study.
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Figure 9. Overview of steps for estimating PAT, PEP and PTT and for processing the reference blood pressure
signal from the blood pressure cuff values.

Overview of the methodology. Figure 9 shows an overview of the steps taken for estimating PAT, PEP
and PTT, as well as the steps for processing the reference blood pressure signal from thea cuff. Beat-by-beat
PAT values were computed as the time delay from a proximal fiducial point on the ECG waveform to a distal
fiducial point on the PPG signal recorded by the Stowood device. Periods of low quality from the ECG and PPG
were detected by developing signal quality indices (SQI). The beat-by-beat PAT time series was processed by a
Kalman filter to adjust the estimates based on the quality of the ECG and PPG waveforms. Subsequently, the
baseline changes in PAT were extracted in order to be compared to the reference BP values. Beat-by-beat PEP
was estimated using the ECG and ICG computed from the Cardioscreen device. PEP was estimated by tracking
changes in the peak of the ICG signal and using a data-driven approach to relate this to changes in PEP. Poor
quality periods of the PEP signal were detected by combining four signal quality indices (see below). Similarly,
the beat-by-beat PEP time series was processed by a Kalman filter and baseline changes were extracted in order
to be compared to reference BP values. PTT was computed as the difference between PAT and PEP. BP was
recorded by the Philips monitor and was smoothed and interpolated to remove the effects of noise.

Computing PAT. Detecting the proximal fiducial point from the electrocardiogram. The R-peak (point of
left ventricular depolarisation) of the ECG waveform was used as the proximal site for PAT estimation. There-
fore, accurate estimation of the QRS complex and an assessment of its signal quality was vital. To suppress the
impact of baseline wander, the ECG was filtered using an 8th-order Butterworth infinite impulse response (IIR)
high-pass filter with a cut-off frequency of 0.5 Hz. To suppress power-line interference, a 2nd order IIR notch
filter with centre frequency at 50 Hz (the frequency of mains power in the UK) was used. The QRS complex of
the ECG was detected following the work of Pan and Tompkins’.

ECG signal quality.  An assessment of quality of the ECG waveform was required as the signal was affected by
noise and motion artefacts. A signal quality index (SQI) is a beat-by-beat assessment of certain features of the
ECG waveform. The SQI is a number between 0 and 1 (inclusive), representing a poor-quality or good-quality
ECG beat respectively. The computation of the ECG SQI follows the work of Li et al.?. The overall SQI was com-
puted by combining the following metrics: The agreement of R-peaks detected by two beat detectors; the kurtosis
of the waveform; the instantaneous heart rate (IHR) computed using the interval between adjacent R-peaks; the
analysis of the signal-to-noise ratio of the ECG signal. The acceptable limits for IHR was set as 30-90 bpm (see
Fig. 1). All quality metrics were applied to a 10-s sliding window centred on each beat. The metrics were later
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combined to compute a single signal quality metric, SQIg¢g, for each ECG beat. More details of the algorithm
can be found in supplementary material D.

Detecting the distal fiducial point from the photoplethysmogram. The PPG waveform is a pulsatile signal indicat-
ing changes in blood volume. The PPG signal can be contaminated by many sources of noise. Most significantly,
motion artefacts caused by movement or breathing alter the shape of the PPG waveform. A cascade of low and
high pass FIR filters was used to band-pass filter the PPG signal around a valid heart rate range, taken to be
between 30 and 90 bpm (see Fig. 1). The pre-processing filter was designed as a cascade of an 8th order low-
pass IIR filter with a cut-off frequency at 1.9 Hz and a 60th-order high-pass FIR filter with a cut-off frequency
at 0.2 Hz.

Villarroel® designed a robust peak and onset detection algorithm for pulsatile signals, known as the Boxed
Slope Sum Function (BSSF). The algorithm builds off the Slope Sum Function (SSF) from Zong et al.®® by adap-
tively tracking the upslopes of the signal. SSF enhances the slope of the pulse and suppresses the remainder of
the waveform. Given xj as the filtered PPG signal at time k, the SSF was defined as:

i
SSE() = Y we we =

k=i—w

Axp if Axg >0
0 if Axp <0 (1)

where w is the analysis window length and Axy = xx — xx_1. The window length w was chosen to be the typical
duration of the upslope of the pulse, w = 170 ms. The BSSF time series was computed from the SSF signal by
finding the zero-crossing points at the beginning of the upslope and at the end of the downslope for each pulse.
Adaptive thresholding and a decision rule were applied to the upslope points in the BSSF signal (uBSSF) to
identify the onset of each beat™. The peak was defined as the maximum value of the PPG signal between a pair
of detected onsets. A 340 ms refractory period was applied to prevent multiple onset detections.

Wave reflections, due to impedance mismatch, interfere with the propagating wave. In this work, as phe-
nylephrine significantly altered the vascular tone causing an increase in arterial stiffness, we found significant
changes in the peak of the PPG (see supplementary material G). This made the peak of the pulse wave an unreli-
able marker for the arrival of the primary pressure wave. As a result, fiducial points located around the foot of
the PPG pulse are commonly recommended for PAT estimation®. The intersecting tangents method was used to
define the location of the foot of the PPG, as is done commonly in the literature!**”¢!,

PPG signal quality. To assess the signal quality of the PPG, we followed the work of Villarroel®. Four different
signal quality metrics were employed and combined together to provide a beat-by-beat SQI value. The metrics
included: An assessment of clipping in the signal; sharp changes in amplitude; IHR outside of the physiologi-
cal bounds; the deviation of beats from running-average window template. The range of acceptable limits for
THR was set as 30-90 bpm (see Fig. 1). All quality metrics were combined to compute a signal quality estimate,
SQIppg, for each distal fiducial point. More details of the algorithm can be found in supplementary material E.

Estimating beat-by-beat PAT. PAT was estimated by processing all proximal ECG R-peaks and locating distal
PPG fiducial points prior to the following ECG R-peak. If there were none, or more than 1 PPG fiducial points
located between two successive R-peaks, this indicated an error in the beat detection algorithm (for either the
ECG or the PPG) and no PAT beat was computed. If there were exactly one PPG fiducial point, PAT was esti-
mated as the time delay between the ECG fiducial point and the PPG fiducial point.

PAT signal quality.  As PAT was computed from two independent waveforms, the likelihood of periods of low-
quality signal due to (but not limited to) motion artefacts was high. However, a significant proportion of work
described in the literature for estimating PAT do not document any attempt to reduce the impact of low-quality
signals. We have only found two papers that perform an assessment of the signal quality of the ECG or PPG
signals when estimating PAT, Escobar-Restrepo et al.®! and Zhang et al.””. In general, there is a need for a robust
algorithm to reduce the impact of noise on the PAT time series. In this work, the SQI for each PAT beat was
calculated by a combination of outlier detection from the PAT time series and the SQI metrics of the proximal
ECG R-peak and distal PPG pulse for each PAT beat.

Outliers can result from noise, errors in the beat detection algorithms used, motion artefacts or other errors
arising from the way the sensors were attached to the volunteer. Outliers were detected by constructing a moving-
average window, in which each beat was given a score based on their deviation from the average of the window,
computed as the median, med,,, of a sliding window of size 30 s with a step of 25 s. The deviation was computed
as the median absolute deviation, MAD,,. These metrics were chosen as they are robust to outliers®>®. The outlier
SQI was calculated for every beat k as:

0 if med,, — t x MAD,, > PAT(k) > med,, +t x MAD
SQl, (k) = {1 otherw?,se N ® N " )

tis a threshold set as 1.96 for outlier detection of the PAT time series. For normally distributed data, this provided
a 95% confidence interval. The SQI of each PAT beat was subsequently calculated as:

SQIpat(k) = SQl, (k) x min(SQlgcg (k) SQlppg (k) (3)
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Figure 10. Overview of the PAT processing steps. (a) Beat by beat PAT time series, (b) SQI of the PAT time
series, (¢) Kalman filter output, (d) Spline interpolation of signal at 60 Hz, (e) Extracted baseline changes of PAT.

Processing PAT time series for comparison to BP cuff. In order to compare the beat-by-beat PAT time series with
the reference BP values from the BP cuff we propose a three stage process: Kalman filter to adjust values based on
their signal quality; interpolation to an evenly sampled time series; and baseline filtering in order to be compared
to the low frequency sampled BP values.

A Kalman filter was applied to adjust PAT values based on their signal quality as has been previously done
by Zhang et al.”’. The Kalman filter is an algorithm to compute an estimate of the current state, x;, of a linear
dynamic system as a weighted average of the system’s previous state estimate and the current measurement, z;.
This reduces the impact of transient changes from noise and motion artefacts. The Kalman filter is a recursive
estimator consisting of two stages: the prediction stage and the update stage. Full details of the Kalman filter
algorithm can be found in Ref.%%. We implemented a simple Kalman filter for a one dimensional signal, similar
to Li et al.*%. The prediction and update equations were:

Prediction stage:

X =% (4)

Py =P,_1+Q (5
Update stage:
K =P (P, +R)! (6)

X=X + Koz — %)) (7)

Py = (1 —K)P; (8)

where X; and X;_; are the prior and posterior state estimates, P; and P are the prior and posterior error vari-
ances, K; is the Kalman gain that minimises the posterior error variance, Q is the state noise variance, R is the
measurement noise variance and ¢ indicates the time step. Q was set to 1. R was modified using the equation:

1
S E—
R; = Ry x ¢ SQUpaTk)? )

where Rg was set to 1.

When comparing beat-by-beat PAT values to BP values from a sphygmomanometer cuff, the low sampling
frequency of the cuff was insufficient to capture the high frequency changes in BP. Therefore, the PAT signal was
filtered to capture changes in its baseline in order to be compared with the BP sampled at a much lower frequency.
Any PAT beat with an SQI less than 0.8 was removed, as this was a cut-off deemed to indicate poor-quality beats.
The irregularly sampled beat-by-beat PAT was then resampled at 60 Hz using cubic splines interpolation®. To
capture changes in the baseline of PAT, a 6th-order low-pass filter with cut-off frequency of 1/(3 x 60) Hz was
used, as suggested by Zheng et al.?’. Figure 10 shows an overview of the PAT processing steps outlined above.

Computing PEP.  Estimating beat-by-beat PEP. 'The CardioScreen device recorded an ECG signal together
with the trans-thoracic bioimpedance signal, Z. The ICG time series is the first-order time derivative of the
bioimpedance signal, %. As blood is a conductor, each heart beat produces a change in electrical impedance®®.
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Therefore, the ICG signal has been shown to depend on haemodynamic parameters related to blood flow such
as PEP%. As is commonly done in the literature®”® to remove the influence of high frequency noise (such as
mains interference) and low frequency drift (such as respiration), the ICG signal was band-pass filtered using a
4th order IIR filter with a cut-off frequencies set at 0.5 Hz and 40 Hz. The location of the R-peaks and beat-by-
beat SQI of the ECG signal were computed using the steps outlined in previous sections on PAT estimation. The
location of the R-peaks of the ECG defined the onsets of the beats of the ICG signal.

The C-point of the ICG signal is defined as the maximum of the ICG beat for each cardiac cycle®. In this work,
and as is commonly done in the literature’>®”°, we estimated PEP using the Lozano method. This method used
a data-driven polynomial relationship which estimates PEP using the time delay from the R-peak to the C-point.
As discussed by Lozano et al.*°, the ICG beat may contain multiple maxima, in which case selecting the one with
the largest amplitude may lead to incorrect PEP estimation. We, therefore, defined the C-point as the maximum
of a low-pass filtered ICG signal. A 4th-order IIR filter with a cut off frequency of 5 Hz was subsequently used.
This had the effect of combining two adjacent maxima and resulted in a less noisy PEP time series.

PEP signal quality. As the ICG was particularly vulnerable to noise, an adequate SQI to determine periods of
good quality signal was vital for PEP estimation. We computed the beat-by-beat SQI of the PEP time series using
four metrics. The first quality metric was computed from the proximal ECG signal, SQIgcg, processed using the
methods outlined in the previous section and in the Supplementary material. The R-peaks of the ECG signal
corresponded to the onsets of each ICG beat. The SQI of the kth ECG beat provided an initial measure of quality
for each ICG beat, ICGy.

The second SQI metric was based on the activity index (Act) of the ICG beat proposed by Forouzanfar et al.**.
Variations in the ICG signal can indicate sources of noise such as: movement artefacts and sensor disconnect. To
measure the ICG signal variations over each cardiac beat, the activity index was computed as:

N (k) , 2
B 1 ICG(j)
Act(k) = N® ; ( - u(k)) (10)

where N(k) is the length of ICGy, (k) is the mean of the kth beat computed as the standard deviation of the

normalised ICGg:
1 %"f ICG(j) 0
NG C ()

j=1

nk) =

where C was a normalisation constant defined as the median peak-nadirs across all ICG beats in the session:

C= me%ian(max(ICGk) — min(ICGy)) (12)

Forouzanfar et al.** defined a range of acceptable activity index values. Therefore, SQIac (k) was set as:

_ 0 if 0.1 > Act(k) > 0.4
SQIAct(k) = { 1 otherwise (13)

The third quality metric was designed to remove beats with a significant deviation in morphology from a running
window template. Sheikh et al.®® proposed an SQI based on the computation of a three-stage ensemble averaged
beat, SQIg,. A running window of length 30 s and step 25 s was used to construct the three-stage ensemble
average. At each stage, and for each window, beats were assigned an SQIg, value of 0 if they did not meet the
stage criteria. An ensemble average for each window was then computed at each stage by averaging all beats
that did not have an SQIg, value of 0, starting 0.15 s prior to the R-peak with a duration equal to the median
RR-interval of the window.

In the first stage, beats with an abnormal amplitude were assigned an SQI value of 0. Given a vector
Z = z1,2; . . . Zy, where zj is the amplitude of the kth ICG beat, M is the number of beats in each window. Beats
were labelled as outliers if:

|zx — median(Z)| > 5 x MAD(Z) (14)

At the second stage, the cross-correlation and lag of each beat with the ensemble average was computed. The lag
of a beat was defined as the time shift at which the cross-correlation is maximum. Any beat with [lag| > 50 ms,
or correlation coefficient < 0.5 was assigned an SQIga value of 0. At the final stage, the cross-correlation and
lag of each beat with the ensemble average was computed, any beat with a non-zero lag to the ensemble average
was circularly shifted to have zero lag. Any circularly shifted beat that had a correlation coefficient < 0.8 was
assigned an SQIg, value of 0.

The last quality metric was computed by detecting outliers from the PEP time series. As performed by Forou-
zanfar et al.”%, outliers of the PEP time series were located using the outlier detection method previously outlined
for the SQI of the PAT time series (SQL,) with a 60-s window, 55-s window step and a deviation threshold value
of 5. The outlier detection algorithm was repeated until no more outliers were detected. All detected outliers
were assigned an SQI, (k) value of 0.

Once the four proposed SQI metrics were computed, the final beat-by-beat SQI of the PEP signal (SQIprp)
was derived as:
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SQlIpgp (k) = SQIgcg (k) x SQIact (k) x SQIga (k) x SQI, (k) (15)

Processing PEP time series for comparison to BP cuff. ~Similar to the PAT time series, the PEP time series was
processed by a Kalman filter using the SQI of the beats to weight the measurement noise. The PEP time series
was then interpolated using a cubic spline at 60 Hz and filtered using a 6th order low-pass filter with cut-off
frequency of 1/(3 x 60) Hz to extract changes in its baseline value for comparison to the low frequency sampled
BP cuft.

Computing PTT. PTT was computed as the difference between the PAT and PEP values during the times for
which the two signals overlap and both time series are of good quality, defined as having an SQI greater than 0.8.

Computing the reference BP values. Blood pressure was measured by a sphygmomanometer cuff
attached to the left arm of the volunteer and recorded by the Philips monitor. Measurements of blood pres-
sure using cuffs have known limitations depending on: posture, movement, cuff-inflation hypertension and cuff
size’"72. The cuff was programmed to inflate every minute. However, errors in cuff inflation can result in the
Philips device being unable to register an accurate estimate, resulting in a missed data point in the blood pres-
sure time series. As all volunteers followed the same protocol, we expected that there was an underlying trend
in blood pressure that was common for all volunteers. However, there might have been phase and amplitude
differences between individuals.

The cuff data was processed using a cubic smoothing splines” algorithm, allowing for both filtering of the
noisy blood pressure time series and interpolation of the readings when the cuff data was missing, resulting in
a sampling frequency of one sample a minute (1/60 Hz). Cubic smoothing spline defines a function, f(t), that
minimises:

L=p) (i—ft)*+ / f"(@®)*dt (16)

where t is time, y; are the observed BP values from the cuff, occurring at time t;, f” (¢) is the second derivative of
(1), p is a constant defined as pspp, pmap and ppgp independently for SBP, MAP and DBP respectively.

The first term in Eq. (16) minimises the error between the data from the cuff and the regressed signal at
the observation times, f(#;). The second term penalises the roughness of the regressed signal by minimising
the integral of the second derivative of f(¢). p defines the relative weight placed on the first term with respect to
the second term. A very low value of p will result in the regressed function converging to a linear least squares
estimate. A very high value of p will result in the smoothing spline converging to a cubic spline that passes
through all data points. The resulting function, f, is a twice differentiable smooth function, which equates to a
cubic spline with knots at f ().

As all volunteers were under the same protocol, we implemented psgp, pmap and pppp values that were
common for all of them. The error resulting from a p value for each volunteer was calculated by leave-one-out
cross validation. The optimum p value for SBP, MAP or DBP ( psgp, pmap and pppp respectively) were therefore
determined independently by minimising the summed leave-one-out cross validation error (SLOOCV) across
all volunteers in the dataset. Figure 11 shows the values of SLOOCYV against p values for SBP, DBP and MAP
with the optimum values shown.

Comparing PAT/PEP/PTT to blood pressure. The comparison between the PAT/PEP/PTT time series
and the blood pressure measurement from the cuffs was a two-step process: time alignment and averaging.
Various sources of delay between the PAT/PEP/PTT time series and the cuff data have been introduced, both
through the instrumentation used and the processing steps outlined. These include errors in the time alignment
of the Philips, Stowood and CardioScreen devices and timing errors in the cuff data. The signals were aligned to
the blood pressure time series by subtracting the time delay computed as the lag at which the normalised cross
correlation was largest. This process was done independently for PAT and PTT and for SBP, MAP and DBP, for
each volunteer. The lag for PEP was assigned as the lag computed for PAT as this includes the PEP component.
In order to compute the cross correlation, the two time series required to be sampled at the same sampling fre-
quency. Therefore, for the purposes of time alignment only, the reference BP cuff data was interpolated using
the cubic spline algorithm (outlined in the previous section), at the same frequency of the PAT/PEP/PTT time
series (60 Hz).

The normalised cross-correlation, R, of two time series x and y, where x is delayed by t samples, is given by:

lel N — ) Yi-v) — ﬂy)

Rx}’(":) = (N — I)UxO'y

(17)
where 1, and oy are the mean and standard deviation of x respectively (and similarly for , and 5,). N is the
number of overlapping data points. The time delay, 7, was defined as:
7 = argmax(—Ryy (1)) (18)
T
Finally, the aligned PAT/PEP/PTT time series were averaged over 40-s windows, centred around each BP meas-

urement. Figure 12 shows an example of the process for comparing the PAT time series to the SBP time series.
Figure 12a shows the processed cuff data, sampled at both 1/60 Hz and 60 Hz. Figure 12b shows the PAT time
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Figure 11. Determining psgp, pmap and ppgp by minimising SLOOCV across all volunteers in the dataset. The
optimum values of psgp, pmap and pppp are labelled.
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Figure 12. Example of the process for comparing the PAT time series to the SBP time series. (a) shows the SBP
time series with the cuff inflations at once-a-minute and the 60 Hz interpolated signal used for signal alignment.
(b) shows the processed PAT time series. (c) shows the aligned PAT time series shifted 148.5-s earlier and
averaged PAT values at times of cuff inflation. (d) shows a scatter plot of the PAT and BP data points and the

regression line through them.

series sampled at 60 Hz. Figure 12¢ shows the aligned PAT time series shifted 148.5-s earlier; the PAT signal
averaged in a 40-s window centred on each BP datapoint is also shown. Figure 12d shows the BP data and the

PAT data, plotted on the same plot.
We evaluated six different models proposed in the literature for the estimation of BP from PAT or PTT. The

first 3 models use all datapoints available for that individual, and we refer to them as a posteriori models:

) a

Inverse linear®' : BPest = T +b (19)
74 a

Inverse squared’* : BPest = e +b (20)

Logarithm43 : BPest = a x In(TT) + b (21)

where TT could be either PAT or PTT. The parameters a and b were approximated for each individual by least

squares regression across all data-points available for that individual.
The remaining 3 proposed models allow for real-time estimation of BP using model parameters determined

from population averages and physiological constants. We refer to these models as population-based models:

Scientific Reports|  (2021) 11:22767 |

https://doi.org/10.1038/s41598-021-01358-4 nature portfolio



www.nature.com/scientificreports/

SBP, DBP TT, SBP, — DBP, / TT?
16 . _ 0 0 0 0 0 0
Poonetal.”” : DBPest = T +2 3 yl < T > — f (ﬁ) (22)
TT?
SBPest = DBPest + (SBPy — DBPy) 3 (23)
0.5 x height
Gescheetal.'® : PWV = 22 X hetght (24)
TT
BPy = 700 x PWV( x e PWV0 1 766,000 x PWV} (25)
BPeyt = 700 x PWV x ¢ "WV 4 766,000 x PWV® — (BP.; — BPg) (26)
(0.6 x height)? x £ (0.6 x height)? x £
F tal.¥ : BPey = 14 BP, — 14
unge a est TT2 + 0 TT% (27)

where y = 0.031 mmHg ' and is a vascular parameter relating the distending pressure in an artery to the elastic-
ity of the arterial wall'>. p = 1035kg/m? and is the average density of blood. All models require calibration of
vital sign values at the start of the session. In this work, we defined the calibration period to include the first 2
cuff inflations, the average value of BP or T'T during this period was taken as the calibration value and is labelled
with a subscript o.

The Poon model is derived from a combination of the Moens-Korteweg equation'® and a model relating
the elastic modulus of a vessel to the mean pressure of the fluid inside it'%. The Gesche model parameters were
estimated by least squares regression on a group of 13 volunteers. The model was then evaluated on a group of
50 volunteers and reported a mean correlation coefficient between reference and estimated BP of 0.83. The Fung
model was derived from a model of laminar blood flow through a rigid pipe.

The models were evaluated using root mean squared error (RMSE), mean absolute error (MAE) and mean
absolute deviation (MAD):

1 2
RMSE = <;> (Bpest,. — BPf) (28)
i=1
1
MAE = (;> E |BPest, — BPeg, (29)
1 & 2
MAD =, | - > " (IBPes;; — BPoyg;| — MAE) (30)

i=1

Data availability

The datasets generated or analysed during the current study are not publicly available due to the sensitive and
identifiable nature of our data, patient consent and restrictions of the ethics protocol to protect the privacy of
patients involved in the study.

Received: 21 June 2021; Accepted: 12 October 2021
Published online: 23 November 2021

References

1. Kjeldsen, S. E. Hypertension and cardiovascular risk: General aspects. Pharmacol. Res. 129, 95-99. https://doi.org/10.1016/j.phrs.
2017.11.003 (2018).

2. Leng, Y., Musiek, E. S., Hu, K., Cappuccio, E. P. & Yaffe, K. Association between circadian rhythms and neurodegenerative diseases.
Lancet Neurol. 18, 307-318 (2019).

3. Kruyer, A., Soplop, N., Strickland, S. & Norris, E. H. Chronic hypertension leads to neurodegeneration in the TgSwDI mouse
model of Alzheimers disease. Hypertension 66, 175-182 (2015).

4. Chow, C. K. et al. Prevalence, awareness, treatment, and control of hypertension in rural and urban communities in high-, middle-,
and low-income countries. JAMA 310, 959-968 (2013).

5. Hager, H.H. & Burns, B. Artery Cannulation (2019).

6. Chavanu, K., Merkel, ]. & Quan, A. M. Role of ambulatory blood pressure monitoring in the management of hypertension. Arm.
J. Health Syst. Pharm. 65, 209-218. https://doi.org/10.2146/ajhp060663 (2008).

7. Viera, A. ], Lingley, K. & Hinderliter, A. L. Tolerability of the Oscar 2 ambulatory blood pressure monitor among research par-
ticipants: A cross-sectional repeated measures study. BMC Med. Res. Methodol. 11, 59. https://doi.org/10.1186/1471-2288-11-59
(2011).

Scientific Reports |

(2021) 11:22767 | https://doi.org/10.1038/s41598-021-01358-4 nature portfolio


https://doi.org/10.1016/j.phrs.2017.11.003
https://doi.org/10.1016/j.phrs.2017.11.003
https://doi.org/10.2146/ajhp060663
https://doi.org/10.1186/1471-2288-11-59

www.nature.com/scientificreports/

10.

11.
12.

13.
14.
15.
16.
17.
18.
19.
20.
21.
22.
23.

24.

25.
26.
27.
28.
29.

30.

31.

32.
33.
34.
35.

. Julien, C. The enigma of Mayer waves: Facts and models. Cardiovasc. Res. 70, 12-21 (2006).
37.

38.

39.
40.
41.

42.

43.
44.

45.
46.

. Wax, D. B, Lin, H.-M. & Leibowitz, A. B. Invasive and concomitant noninvasive intraoperative blood pressure monitoring:

Observed differences in measurements and associated therapeutic interventions. Anesthesiology 115, 973-978 (2011).

. Mukkamala, R. et al. Toward ubiquitous blood pressure monitoring via pulse transit time: Theory and practice. IEEE Trans. Biomed.

Eng. 62, 1879-1901. https://doi.org/10.1109/TBME.2015.2441951 (2015).

Tijsseling, A. S. & Anderson, A. A. Isebree Moens and D.]. Korteweg: On the speed of propagation of waves in elastic tubes. In
BHR Group-11th International Conferences on Pressure Surges 227-245 (2012).

Gavish, B. & Izzo, J. L. Jr. Arterial stiffness: Going a step beyond. Am. J. Hypertens. 29, 1223-1233 (2016).

Hughes, D. J., Babbs, C. E, Geddes, L. A. & Bourland, J. D. Measurements of Youngs modulus of elasticity of the canine aorta with
ultrasound. Ultrason. Imaging 1, 356-367 (1979).

Sharma, M. et al. Cuff-less and continuous blood pressure monitoring: A methodological review. Technologies 5, 21. https://doi.
org/10.3390/technologies5020021 (2017).

Payne, R. A., Symeonides, C. N., Webb, D. J. & Maxwell, S. R. Pulse transit time measured from the ECG: An unreliable marker
of beat-to-beat blood pressure. J. Appl. Physiol. 100, 136-141. https://doi.org/10.1152/japplphysiol.00657.2005 (2006).

Sola, J., et al. Performance of systolic blood pressure estimation from radial pulse arrival time (PAT) in anesthetized patients. In
EMBEC ¢ NBC 2017 864-867 (Springer, 2017).

Poon, C. C. Y. & Zhang, Y. T. Cuff-less and noninvasive measurements of arterial blood pressure by pulse transit time. In 2005
IEEE Engineering in Medicine and Biology 27th Annual Conference 5877-5880 (IEEE, 2006).

Chen, W,, Kobayashi, T., Ichikawa, S., Takeuchi, Y. & Togawa, T. Continuous estimation of systolic blood pressure using the pulse
arrival time and intermittent calibration. Med. Biol. Eng. Comput. 38, 569-574. https://doi.org/10.1007/BF02345755 (2000).
Gesche, H., Grosskurth, D., Kiichler, G. & Patzak, A. Continuous blood pressure measurement by using the pulse transit time:
Comparison to a cuff-based method. Eur. J. Appl. Physiol. 112, 309-315 (2012).

Peter, L., Noury, N. & Cerny, M. A review of methods for non-invasive and continuous blood pressure monitoring: Pulse transit
time method is promising?. Irbm 35, 271-282. https://doi.org/10.1016/j.irbm.2014.07.002 (2014).

Newlin, D. B. & Levenson, R. W. Pre-ejection period: Measuring beta-adrenergic influences upon the heart. Psychophysiology 16,
546-552. https://doi.org/10.1111/j.1469-8986.1979.tb01519.x (1979).

Zhang, G., Gao, M., Xu, D., Olivier, N. B. & Mukkamala, R. Pulse arrival time is not an adequate surrogate for pulse transit time
as a marker of blood pressure. J. Appl. Physiol. 117, 1212. https://doi.org/10.1152/japplphysiol.zdg-1245.corr.2014 (2014).

Wong, M. Y. M., Pickwell-MacPherson, E., Zhang, Y. T. & Cheng, J. C. Y. The effects of pre-ejection period on post-exercise systolic
blood pressure estimation using the pulse arrival time technique. Eur. J. Appl. Physiol. 111, 135-144 (2011).

Balmer, J. et al. Pre-ejection period, the reason why the electrocardiogram Q-wave is an unreliable indicator of pulse wave initiali-
zation. Physiol. Meas. 39, 95005 (2018).

Muehlsteff, J., Aubert, X. A. & Morren, G. Continuous cuff-less blood pressure monitoring based on the pulse arrival time approach:
The impact of posture. In 2008 30th Annual International Conference of the IEEE Engineering in Medicine and Biology Society
1691-1694 (IEEE, 2008).

Liang, Y., Chen, Z., Ward, R. & Elgendi, M. Hypertension assessment via ECG and PPG signals: An evaluation using MIMIC
database. Diagnostics 8, 65. https://doi.org/10.3390/diagnostics8030065 (2018).

Liang, Y. et al. How effective is pulse arrival time for evaluating blood pressure? Challenges and recommendations from a study
using the MIMIC database. J. Clin. Med. 8, 337. https://doi.org/10.3390/jcm8030337 (2019).

Zhang, Q. et al. Cuff-less blood pressure measurement using pulse arrival time and a Kalman filter. J. Micromech. Microeng. 27,
24002. https://doi.org/10.1088/1361-6439/27/2/024002 (2017).

Kachuee, M., Kiani, M. M., Mohammadzade, H. & Shabany, M. Cuffless blood pressure estimation algorithms for continuous
health-care monitoring. IEEE Trans. Biomed. Eng. 64, 859-869. https://doi.org/10.1109/TBME.2016.2580904 (2017).

Zheng, Y. L., Yan, B. P, Zhang, Y. T. & Poon, C. C. An armband wearable device for overnight and cuff-less blood pressure meas-
urement. IEEE Trans. Biomed. Eng. 61, 2179-2186. https://doi.org/10.1109/TBME.2014.2318779 (2014).

Kim, C. S., Carek, A. M., Inan, O. T., Mukkamala, R. & Hahn, J. O. Ballistocardiogram-based approach to cuffless blood pressure
monitoring: Proof of concept and potential challenges. IEEE Trans. Biomed. Eng. 65, 2384-2391. https://doi.org/10.1109/TBME.
2018.2797239 (2018).

Kim, C. S., Carek, A. M., Mukkamala, R., Inan, O. T. & Hahn, J. O. Ballistocardiogram as proximal timing reference for pulse
transit time measurement: Potential for cuffless blood pressure monitoring. IEEE Trans. Biomed. Eng. 62, 2657-2664. https://doi.
org/10.1109/TBME.2015.2440291 (2015).

Carek, A. M., Conant, J., Joshi, A., Kang, H. & Inan, O. T. SeismoWatch: Wearable cuffless blood pressure monitoring using pulse
transit time. Proc. ACM Interact. Mob. Wearable Ubiquitous Technol. 1, 1-16 (2017).

Douniama, C., Sauter, C. U. & Couronne, R. Blood pressure tracking capabilities of pulse transit times in different arterial segments:
A clinical evaluation. In 2009 36th Annual Computers in Cardiology Conference (CinC) 201-204 (IEEE, 2009).

Radha, M. et al. Arterial path selection to measure pulse wave velocity as a surrogate marker of blood pressure. Biomed. Phys. Eng.
Express 3, 015022. https://doi.org/10.1088/2057-1976/aa5b40 (2017).

Richards, E. & V. Maani, C. Phenylephrine. In StatPearls [Internet] (StatPearls Publishing, 2019).

Fung, P, Dumont, G., Ries, C., Mott, C. & Ansermino, M. Continuous noninvasive blood pressure measurement by pulse transit
time. In In Annual International Conference of the IEEE Engineering in Medicine and Biology - Proceedings, vol. 26 1, 738-741.
https://doi.org/10.1109/iembs.2004.1403264 (2004).

Harford, M. et al. Study protocol for an exploratory interventional study investigating the feasibility of video-based non-contact
physiological monitoring in healthy volunteers by mapping of lower Limb skIn pErfusion (MOLLIE). BMJ Open 10, e036235
(2020).

Nitzan, M., Khanokh, B. & Slovik, Y. The difference in pulse transit time to the toe and finger measured by photoplethysmography.
Physiol. Meas. 23, 85-93. https://doi.org/10.1088/0967-3334/23/1/308 (2002).

Obrist, P. A, Light, K. C., McCubbin, J. A., Hutcheson, J. S. & Hoffer, J. L. Pulse transit time: Relationship to blood pressure. Behav.
Res. Methods Instrum. 10, 623-626. https://doi.org/10.3758/BF03205360 (1978).

Vlahandonis, A. et al. Pulse transit time as a surrogate measure of changes in systolic arterial pressure in children during sleep. J.
Sleep Res. 23, 406-413. https://doi.org/10.1111/jsr.12140 (2014).

Mukkamala, R. & Hahn, J. O. Toward ubiquitous blood pressure monitoring via pulse transit time: Predictions on maximum
calibration period and acceptable error limits. IEEE Trans. Biomed. Eng. 65, 1410-1420. https://doi.org/10.1109/TBME.2017.
2756018 (2018).

Nabeel, P. M., Jayaraj, ]. & Mohanasankar, S. Single-source PPG-based local pulse wave velocity measurement: A potential cuffless
blood pressure estimation technique. Physiol. Meas. 38, 2122-2140. https://doi.org/10.1088/1361-6579/aa9550 (2017).
Westerhof, N., Stergiopulos, N., Noble, M. I. & Westerhof, B. E. Snapshots of hemodynamics: An aid for clinical research and graduate
education 37th edn. (Medicine and Science in Sports and Exercise - MED SCI SPORT EXERCISE, 2018).

Vincent, J. L. Understanding cardiac output. Crit. Carehttps://doi.org/10.1186/cc6975 (2008).

Liu, Q,, Yan, B. P, Yu, C. M., Zhang, Y. T. & Poon, C. C. Attenuation of systolic blood pressure and pulse transit time hysteresis
during exercise and recovery in cardiovascular patients. IEEE Trans. Biomed. Eng. 61, 346-352. https://doi.org/10.1109/TBME.
2013.2286998 (2014).

Scientific Reports |

(2021) 11:22767 | https://doi.org/10.1038/s41598-021-01358-4 nature portfolio


https://doi.org/10.1109/TBME.2015.2441951
https://doi.org/10.3390/technologies5020021
https://doi.org/10.3390/technologies5020021
https://doi.org/10.1152/japplphysiol.00657.2005
https://doi.org/10.1007/BF02345755
https://doi.org/10.1016/j.irbm.2014.07.002
https://doi.org/10.1111/j.1469-8986.1979.tb01519.x
https://doi.org/10.1152/japplphysiol.zdg-1245.corr.2014
https://doi.org/10.3390/diagnostics8030065
https://doi.org/10.3390/jcm8030337
https://doi.org/10.1088/1361-6439/27/2/024002
https://doi.org/10.1109/TBME.2016.2580904
https://doi.org/10.1109/TBME.2014.2318779
https://doi.org/10.1109/TBME.2018.2797239
https://doi.org/10.1109/TBME.2018.2797239
https://doi.org/10.1109/TBME.2015.2440291
https://doi.org/10.1109/TBME.2015.2440291
https://doi.org/10.1088/2057-1976/aa5b40
https://doi.org/10.1109/iembs.2004.1403264
https://doi.org/10.1088/0967-3334/23/1/308
https://doi.org/10.3758/BF03205360
https://doi.org/10.1111/jsr.12140
https://doi.org/10.1109/TBME.2017.2756018
https://doi.org/10.1109/TBME.2017.2756018
https://doi.org/10.1088/1361-6579/aa9550
https://doi.org/10.1186/cc6975
https://doi.org/10.1109/TBME.2013.2286998
https://doi.org/10.1109/TBME.2013.2286998

www.nature.com/scientificreports/

47. Muehlsteff, J., Aubert, X. L. & Schuett, M. Cuffless estimation of systolic blood pressure for short effort bicycle tests: The prominent
role of the pre-ejection period. In In Annual International Conference of the IEEE Engineering in Medicine and Biology—Proceedings
(Conf Proc IEEE Eng Med Biol Soc) 5088-5092. https://doi.org/10.1109/IEMBS.2006.260275 (2006).

48. Shao, ], Shi, P, Hu, S., Liu, Y. & Yu, H. An optimization study of estimating blood pressure models based on pulse arrival time for
continuous monitoring. J. Healthc. Eng. 2020, 1-12 (2020).

49. Wong, M. Y. M,, Poon, C. C. Y. & Zhang, Y. T. An evaluation of the cuffless blood pressure estimation based on pulse transit time
technique: A half year study on normotensive subjects. Cardiovasc. Eng. 9, 32-38. https://doi.org/10.1007/s10558-009-9070-7
(2009).

50. Lozano, D. L. et al. Where to B in dZ/dt. Psychophysiology 44, 113-119 (2007).

51. van Lien, R., Schutte, N. M., Meijer, J. H. & de Geus, E. ]. C. Estimated preejection period (PEP) based on the detection of the
R-wave and dZ/dt-min peaks does not adequately reflect the actual PEP across a wide range of laboratory and ambulatory condi-
tions. Int. J. Psychophysiol. 87, 60-69 (2013).

52. Arbol, J. R. et al. Mathematical detection of aortic valve opening (B point) in impedance cardiography: A comparison of three
popular algorithms. Psychophysiology 54, 350-357. https://doi.org/10.1111/psyp.12799 (2017).

53. Forouzanfar, M., Baker, E. C., Colrain, I. M., Goldstone, A. & de Zambotti, M. Automatic analysis of pre-ejection period during
sleep using impedance cardiogram. Psychophysiology 56, €13355. https://doi.org/10.1111/psyp.13355 (2019).

54. Stergiou, G. S. et al. A universal standard for the validation of blood pressure measuring devices: Association for the Advancement
of Medical Instrumentation/European Society of Hypertension/International Organization for Standardization (AAMI/ESH/ISO)
Collaboration Statement. Hypertension 71, 368-374. https://doi.org/10.1161/HYPERTENSIONAHA.117.10237 (2018).

55. Dolan, E. et al. Superiority of ambulatory over clinic blood pressure measurement in predicting mortality: The Dublin outcome
study. Hypertension 46, 156-161. https://doi.org/10.1161/01.HYP.0000170138.56903.7a (2005).

56. NICE. Information for the Public: High Blood Pressure (2011).

57. Pan, J. & Tompkins, W. J. A real-time QRS detection algorithm. IEEE Trans. Biomed. Eng. 32, BME-230-236. https://doi.org/10.
1109/TBME.1985.325532 (1985).

58. Li, Q, Mark, R. G. & Clifford, G. D. Robust heart rate estimation from multiple asynchronous noisy sources using signal quality
indices and a Kalman filter. Physiol. Meas. 29, 15-32. https://doi.org/10.1088/0967-3334/29/1/002 (2008).

59. Villarroel, M. Non-Contact Vital Sign Monitoring in the Clinic. Ph.D. thesis, Oxford University. https://doi.org/10.1109/FG.2017.
43 (2017).

60. Zong, W,, Heldt, T., Moody, G. B. & Mark, R. G. An open-source algorithm to detect onset of arterial blood pressure pulses. Comput.
Cardiol. 30, 259-262. https://doi.org/10.1109/cic.2003.1291140 (2003).

61. Escobar-Restrepo, B. et al. Evaluation of the linear relationship between pulse arrival time and blood pressure in ICU patients:
Potential and limitations. Front. Physiol.https://doi.org/10.3389/fphys.2018.01848 (2018).

62. Jabalameli, M., Rouholamin, S. & Gourtanian, F. A comparison of the effects of fentanyl and remifentanil on nausea, vomiting,
and pain after cesarean section. Iran. J. Med. Sci. 36, 183-187 (2011).

63. Leys, C, Ley, C,, Klein, O., Bernard, P. & Licata, L. Detecting outliers: Do not use standard deviation around the mean, use absolute
deviation around the median. J. Exp. Soc. Psychol. 49, 764-766. https://doi.org/10.1016/j.jesp.2013.03.013 (2013).

64. Welch, G. & Bishop, G. An introduction to the Kalman filter. Practice 7, 1-16 (2006).

65. McKinley, S. & Levine, M. Cubic spline interpolation. Coll. Redw. 45, 1049-1060 (1998).

66. Sherwood, A. et al. Methodological guidelines for impedance cardiography. Psychophysiology 27, 1-23 (1990).

67. Forouzanfar, M. et al. Toward a better noninvasive assessment of preejection period: A novel automatic algorithm for B-point
detection and correction on thoracic impedance cardiogram. Psychophysiologyhttps://doi.org/10.1111/psyp.13072 (2018).

68. Sheikh, S.-A.A. et al. An open-source automated algorithm for removal of noisy beats for accurate impedance cardiogram analysis.
Physiological Measurementhttps://doi.org/10.1088/1361-6579/ab9b71 (2020).

69. Richter, M. & Gendolla, G. H. The heart contracts to reward: Monetary incentives and preejection period. Psychophysiology 46,
451-457. https://doi.org/10.1111/j.1469-8986.2009.00795.x (2009).

70. Richter, M., Friedrich, A. & Gendolla, G. H. Task difficulty effects on cardiac activity. Psychophysiology 45, 869-875. https://doi.
org/10.1111/j.1469-8986.2008.00688.x (2008).

71. Ogedegbe, G., Agyemang, C. & Ravenell, ]. E. Masked hypertension: Evidence of the need to treat. Current Hypertension Reports
12, 349-355. https://doi.org/10.1007/s11906-010-0140-4 (2010).

72. Lakhal, K., Ehrmann, S. & Boulain, T. Noninvasive BP Monitoring in the Critically Ill: Time to Abandon the Arterial Catheter?.
Chest 153, 1023-1039. https://doi.org/10.1016/j.chest.2017.10.030 (2018).

73. Pollock, D. S. G. Smoothing with cubic splines (1993).

74. Ma, Y. et al. Relation between blood pressure and pulse wave velocity for human arteries. Proceedings of the National Academy of
Sciences 115, 11144-11149 (2018).

Acknowledgements

EF was supported by a EPSRC DTA Studentship. MV, SD, MH, JJ, PW and LT were funded by the National
Institute for Health Research (NIHR) Oxford Biomedical Research Centre (BRC). The views expressed are those
of the authors and not necessarily those of the NHS, the NIHR or the Department of Health.

Author contributions

Study design and conceptualisation was performed by M.H., PW.,, D.Y,, L.T. and M.V. Data collection was per-
formed by M.H., E.E, S.D., J.J. and M.V. EE, M.V,, S.D., M.H. and J.]. developed methodology and software. M. V.,
L.T., PW. and D.Y. provided supervision. E.E. prepared the first draft of this manuscript. All authors critiqued
and edited the manuscript for intellectual content.

Competing interests

LT and PW report significant grants from the National Institute of Health Research (NIHR), UK and the NTHR
Biomedical Research Centre, Oxford, during the conduct of the study; modest grants and personal fees from
Sensyne Health, outside the submitted work and hold share options in the company. LT works part-time for
Sensyne Health. PW was Chief Medical Officer for Sensyne Health until March 2020. EF, SD, MH, JJ, DY, and
MV declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/541598-021-01358-4.

Scientific Reports |

(2021) 11:22767 | https://doi.org/10.1038/s41598-021-01358-4 nature portfolio


https://doi.org/10.1109/IEMBS.2006.260275
https://doi.org/10.1007/s10558-009-9070-7
https://doi.org/10.1111/psyp.12799
https://doi.org/10.1111/psyp.13355
https://doi.org/10.1161/HYPERTENSIONAHA.117.10237
https://doi.org/10.1161/01.HYP.0000170138.56903.7a
https://doi.org/10.1109/TBME.1985.325532
https://doi.org/10.1109/TBME.1985.325532
https://doi.org/10.1088/0967-3334/29/1/002
https://doi.org/10.1109/FG.2017.43
https://doi.org/10.1109/FG.2017.43
https://doi.org/10.1109/cic.2003.1291140
https://doi.org/10.3389/fphys.2018.01848
https://doi.org/10.1016/j.jesp.2013.03.013
https://doi.org/10.1111/psyp.13072
https://doi.org/10.1088/1361-6579/ab9b71
https://doi.org/10.1111/j.1469-8986.2009.00795.x
https://doi.org/10.1111/j.1469-8986.2008.00688.x
https://doi.org/10.1111/j.1469-8986.2008.00688.x
https://doi.org/10.1007/s11906-010-0140-4
https://doi.org/10.1016/j.chest.2017.10.030
https://doi.org/10.1038/s41598-021-01358-4
https://doi.org/10.1038/s41598-021-01358-4

www.nature.com/scientificreports/

Correspondence and requests for materials should be addressed to E.E
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2021

Scientific Reports |  (2021) 11:22767 | https://doi.org/10.1038/s41598-021-01358-4 nature portfolio


www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Pulse arrival time as a surrogate of blood pressure
	Results
	Individual correlation of PAT, PTT and PEP to BP. 
	Impact of PEP. 
	Models for estimating BP from PAT or PTT. 

	Discussion
	Relationship between BP and PAT or PTT in our dataset. 
	Impact of PEP. 
	Models for estimating BP from PAT or PTT. 
	Clinical implications. 

	Limitations. 
	Conclusion. 

	Methods
	Clinical study. 
	Instrumentation. 

	Overview of the methodology. 
	Computing PAT. 
	Detecting the proximal fiducial point from the electrocardiogram. 
	ECG signal quality. 
	Detecting the distal fiducial point from the photoplethysmogram. 
	PPG signal quality. 
	Estimating beat-by-beat PAT. 
	PAT signal quality. 
	Processing PAT time series for comparison to BP cuff. 

	Computing PEP. 
	Estimating beat-by-beat PEP. 
	PEP signal quality. 
	Processing PEP time series for comparison to BP cuff. 

	Computing PTT. 
	Computing the reference BP values. 
	Comparing PATPEPPTT to blood pressure. 

	References
	Acknowledgements


